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1. Summarize001

This supplementary material provides extended details and002
evaluations for the paper Estimating 2D Camera Motion003
with Hybrid Motion Basis. The key contributions and ad-004
ditional information are summarized as follows:005

• The visual qualitative in HTML format and videos006
(README.html).007

• Technical details and comprehensive related work.008
• Experiments on extra benchmarks.009
• Technique details for the Application.010

2. Related works011

2.1. Rotation-Only Homography012

Rotation-only homography usually computes from the gy-013
roscope, which records the 3D camera movements, is014
widely used in various mobile imaging devices, provid-015
ing accurate measurements of device rotation. Many ap-016
plications, such as video stabilization [22], optical image017
stabilization (OIS) [25], image deblurring [38], simultane-018
ous localization and mapping (SLAM) [20], ego-motion es-019
timation [4], gesture-based user authentication on mobile020
devices [17], image alignment with OIS calibration [32],021
and human gait recognition [51], extensively utilize gyro-022
scope data. Due to its high accuracy, gyroscope information023
serves as a reliable source for various tasks.024

2.2. Homography Methods025

Traditional homography estimation typically follows three026
stages: feature detection using algorithms such as SIFT [36]027
or ORB [41], correspondence matching [8], and out-028
lier rejection techniques like RANSAC [13]. Recent ad-029
vances in learning-based feature detection and matching,030
including LIFT [47], SuperPoint [10], and SOSNet [43],031
have improved the robustness of homography estimation.032
Additionally, enhanced outlier rejection methods such as033
MAGSAC [2] and MAGSAC++ [3] have increased stabil-034
ity in challenging scenarios involving multiple planes, par-035
allax, and dynamic foregrounds. Optimization-based ap-036

proaches [7, 11], such as those derived from Lucas-Kanade 037
or sum of squared differences, iteratively refine homogra- 038
phy parameters from an initial estimate. Deep learning 039
methods have further advanced homography estimation, be- 040
ginning with supervised approaches [9] that rely on syn- 041
thetic image pairs. More recent methods can be categorized 042
into supervised [6, 26, 42] and unsupervised [19, 23, 39, 46] 043
frameworks. Unsupervised techniques have gained popular- 044
ity due to their label-free training strategies. For example, 045
CAHomo [50] utilizes a self-guided mask to highlight key 046
feature points, while BasesHomo [46] constrains the rank 047
of feature maps by learning an 8-dimensional motion ba- 048
sis for improved estimation. HomoGAN [19] introduces a 049
Generative Adversarial Network (GAN) loss to identify the 050
dominant plane and integrates a Transformer encoder for 051
coarse-to-fine refinement. Additionally, SCPNet [52], Mc- 052
Net [53], and InterNet [48] explore cross-modal homogra- 053
phy estimation. Despite these advancements, homography 054
remains a single-plane parametric model, limiting its abil- 055
ity to fully represent complex camera motion. To overcome 056
this constraint, we introduce a hybrid motion-basis repre- 057
sentation designed to model multi-plane, non-linear motion 058
more effectively. 059

2.3. Multi Homography Methods 060

Mesh-based image warping is commonly applied to scenes 061
with multiple planes, where each mesh cell provides a local 062
homography. Gao et al. [14] introduced a dual homography 063
model that estimates separate homographies for the distant 064
plane and the ground plane. The As-Projective-As-Possible 065
(APAP) approach [49] computes mesh warps that follow a 066
global projective transformation but allow local deviations 067
for each mesh grid. The Bundled Paths approach [30] solves 068
an as-similar-as-possible warp [21] based on matched fea- 069
tures, then estimates local homographies for each mesh 070
grid from the deformed mesh. MeshFlow [31] uses mo- 071
tion vectors from matched feature correspondences to guide 072
the mesh warp. In deep learning-based methods, MeshC- 073
AHomo [33] estimates multiple meshes at different reso- 074
lutions and merges them for the final warp, while Mesh- 075
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BasesHomo [34] learns mesh flow by combining motion076
bases within each grid. MeshHomoGAN [35] incorporates077
a planarity-aware mechanism for improved local homogra-078
phy estimation. However, these motion representations still079
rely on homography, limiting their ability to represent com-080
plex camera motion. We propose a solution that designs081
multiple non-linear motion bases and combines them using082
a neural network.083

2.4. Image Matching Dataset084

Image matching datasets encompass both optical flow085
and homography datasets. Several well-known datasets086
are available for optical flow estimation and benchmark-087
ing, including FlyingChairs [12], MPI-Sintel [5], KITTI088
2012 [15], KITTI 2015 [37], and GOF [27]. Additionally,089
some modern approaches can generate precise optical flow090
ground-truth labels. For example, Infinigen [40] is a pro-091
cedural tool that synthesizes highly realistic 3D natural en-092
vironments using Blender, while Kubric [16] also utilizes093
Blender to produce large-scale datasets featuring annotated094
photo-realistic scenes. Nevertheless, this study primarily095
focuses on homography datasets.096

Among the most widely used datasets for homogra-097
phy estimation are MegaDepth, HPatches, CAHomo, GF4,098
and GHOF, which serve as benchmarks for both training099
and evaluating deep learning models. MegaDepth [29]100
is built using multi-view internet photo collections and is101
processed with advanced Structure-from-Motion (SfM) and102
Multi-View Stereo (MVS) techniques. HPatches [1] con-103
sists of image sequences captured under different lighting104
and viewpoint variations. CAHomo [50] is designed for as-105
sessing homography estimation in challenging conditions,106
making it the first dataset to introduce a diverse range of107
such scenarios. The GF4 dataset [32] uniquely integrates108
gyroscope data with video frames, providing sparse anno-109
tations. Furthermore, GHOF [28] merges gyroscope data110
with video sequences, enabling the evaluation of both ho-111
mography and optical flow estimation methods.112

Despite the availability of these datasets, there is a no-113
table absence of high-quality datasets for camera motion114
estimation. To address this gap, we propose a novel bench-115
mark via masking the existing optical flow testset.116

3. Experiment117

3.1. CAHomo Dataset118

The CA-Unsupervised dataset [50] consists of 800,000119
training image pairs and 4,200 test pairs, captured from five120
distinct real-world environments. These range from com-121
mon scenes to challenging conditions such as low illumina-122
tion, minimal texture, and varying foreground scales, where123
homography estimation becomes particularly complex. The124
training set is unlabeled, containing only consecutive frame125

pairs, while the test set includes 6–10 manually annotated 126
keypoints. The first six keypoints are placed on background 127
regions or dominant planes, whereas the last four are op- 128
tionally assigned to foreground planes, facilitating precise 129
performance evaluation. 130

3.2. GHOF Dataset 131

The Gyroscope-Homography-Optical-Flow (GHOF) 132
dataset [28] is designed for both homography and op- 133
tical flow analysis, incorporating gyroscope data from 134
non-optically stabilized (non-OIS) cameras. It comprises 135
10,000 training samples and 256 test pairs, covering five 136
scene categories: regular (RE), foggy (FOG), low-light 137
(LL), rainy (RAIN), and snowy (SNOW). Unlike CAHomo, 138
GHOF presents additional challenges due to significant par- 139
allax and extreme foreground-background variations. The 140
test set provides 5–8 sparse, annotated correspondences on 141
background regions for evaluation. 142

Existing datasets, such as CAHomo and GHOF, primar- 143
ily focus on background motion or dominant plane align- 144
ment, representing only a subset of full camera motion. 145
While CAHomo can potentially evaluate foreground mo- 146
tion, it has two main limitations: (1) its sparse annota- 147
tions fail to capture camera motion and its smoothness ad- 148
equately, and (2) the annotation process described in [50] 149
is unsupervised, leading to potential inaccuracies in key- 150
point matching. To address these shortcomings, we leverage 151
the GHOF dataset while masking dynamic objects to isolate 152
camera-specific motion within static scenes, introducing the 153
novel GHOF-Cam Benchmark. 154

3.3. Implementation Details 155

Our proposed CamFlow builds upon HomoGAN [19], a 156
state-of-the-art unsupervised framework for homography 157
estimation. We modify its token blocks to predict N 158
weights and replace the original eight motion bases with 159
our N hybrid bases. Optimization is performed using the 160
Adam optimizer [24] with a learning rate of 1.0 × 10−5, 161
β1 = 0.9, and β2 = 0.99. The model is trained with a batch 162
size of 16, using input images of 600× 800 pixels, cropped 163
into 384× 512 patches, over five epochs on 800,000 image 164
pairs from CAHomo [50]. The learning rate decays by a 165
factor of 0.8 after each epoch. Training is completed in 14 166
hours using four NVIDIA A800 GPUs or in two days using 167
eight NVIDIA 2080Ti GPUs. The weight of the negative 168
log-Laplace motion loss is set to 0.1. 169

3.4. Other Multi-Plane Benchmarks 170

Beyond evaluating background motion (homography) and 171
our proposed GHOF-Cam, we also conduct experiments on 172
existing meshflow-based benchmarks [45], which, despite 173
their limited accuracy, offer useful comparisons. To this 174
end, we experiment with foreground sparse annotations and 175
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Table 1. Point matching errors of our MeshHomoGAN compared
to existing methods for mesh-based homography estimation.

RE LT LL SF LF Avg

1) I3×3 7.81 7.87 7.49 8.34 4.14 7.13

2) APAP 1.59 2.72 1.75 1.70 2.10 1.97
3) ANAP 1.67 3.14 1.91 2.38 2.72 2.36
4) MeshFlow 0.46 1.04 1.06 1.09 1.36 1.00

5) Unsupervised 0.50 1.3 1.09 1.26 1.36 1.11
6) MeshCAHomo 0.53 1.23 1.03 1.17 0.96 0.98
7) MeshBasesHomo 0.32 0.91 0.67 0.48 0.74 0.62
8) MeshHomoGAN 0.22 0.56 0.43 0.39 0.73 0.47

9) Ours 0.26 0.58 0.57 0.56 0.86 0.56

report the results in Table 1.176

4. Application177

We recorded several real-world videos and applied offline178
digital video stabilization (DVS) methods based on Liu et179
al. [30]. The resulting videos, included in the supplemen-180
tary materials, demonstrate that our approach significantly181
enhances visual performance.182

Traditional DVS comprises three main steps: (1) physi-183
cal motion estimation, (2) motion optimization, and (3) im-184
age rendering. In our method, we retained the latter two185
stages while replacing the first with deep homography es-186
timation using CamFlow. Our hybrid motion modeling en-187
ables more accurate camera motion capture. Additionally,188
with flexible loss functions, we enable test-time adaptation189
on unseen videos by maintaining photometric loss while re-190
placing pseudo-motion labels with IMU-based gyroscope191
motion.192

5. Test-Time Adaptation193

5.1. IMU Pseudo Labels194

Gyroscope sensors capture the relative 3D rotation of a195
camera over time. By converting gyroscope readings into196
a 2D motion field, frames can be aligned [27]. This is also197
beneficial for correcting rolling shutter (RS) effects [44].198
Given the 3-axis angular velocities (roll vr, pitch vp, and199
yaw vy) and the time interval ∆t, the angular rotations are200
computed as:201

∠r = vr ·∆t, ∠p = vp ·∆t, ∠y = vy ·∆t. (1)202

Using the Rodrigues formula, we convert these into a203
rotation matrix R(∆t) ∈ SO(3), which is further trans-204
formed into a homography matrix H [18].205

5.2. Fine-Tuning on Unseen Videos206

For novel videos, we extract the Gyro Field and Intra Gyro207
Field between consecutive frames, applying IGF for RS cor-208

rection. During fine-tuning, we replace pseudo-motion la- 209
bels in our hybrid loss function: 210

ℓoverall = ℓNLLp +w ×
∣∣ℓNLLp

∣∣
|ℓNLLm

|
· ℓNLLm

. (2) 211

This strategy effectively leverages the stability of sensor 212
data while mitigating its rotational limitations, leading to 213
enhanced video stabilization and improved visual quality. 214
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